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1-Introduction
The recent introduction of performance incentives in several branches of the public service sector, such as in job training, education, and health, has raised concerns as to their impact on enrolment decisions, and on equity and efficiency outcomes. At the center of this debate is the issue that incentives induce case workers to cream-skim, that is, to select applicants on the basis of performance on measured outcomes instead of value added according to the program's stated objectives (Anderson, Burkhauser, and Raymond 1993, Cragg 1997, Heckman, Heinrich, and Smith 2002). A solution that has been proposed to retain control over the recipient population is to adjust the measures that are used to assess performance, effectively setting different 'shadow prices' for different socio-economic subgroups of enrollees. Although such methods are used in practice, and their theoretical underpinning is uncontroversial, there is no evidence that adjustment models actually have an impact on enrolment decisions.
Our case study is a large government job training program that changed the adjustment method used to assess performance three times during our sample period, using four different sets of shadow prices. We use this variation to produce the first econometric evidence on whether it is possible to influence case worker intake choices.
We study the federal program created under the Job Training Partnership Act (JTPA), which, between 1982 and 2000, provided job training to the economically disadvantaged.
Under JTPA, job training services were administered by over 620 semi-autonomous substate training agencies each evaluated according to a set of performance measures defined at the federal level. Specifically, a training agency's yearly performance was adjusted upwards or downwards to account for the particular mix of persons the agency enrolled.
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To illustrate, consider the adjustment made to the employment at termination measure for enrolling adults who never received a high school degree. 2 By enrolling more high school dropouts a training agency lowered the minimum performance (the minimum fraction of participants employed at termination) necessary to avoid sanctions and qualify for a performance award. We refer to this minimum performance threshold as the performance standard. The adjustment to the standard for enrolling high school dropouts varied over time. We test whether case workers respond to the changes in these adjustments. We quantify the impact of the adjustment method both on intake populations and on performance outcomes.
There are good reasons to think that JTPA's adjustment methods may not change enrolment patterns in practice. First, case workers' preferences may vary over socioeconomic subgroups, or case workers may be subject to pressures by local influence groups that override the typically weak incentives backing the adjustments (Heckman, Smith, and Taber 1996). Second, Heckman and Smith (2004) have shown that most of the selection occurs at the early stages of the participation process, such as between eligibility and awareness, over which the program staff has little or no control. Thus, even if case workers respond to changes in the shadow prices, their response may be negligible. Third, adjustment methods may have little impact in practice because they are complex. In our case study, for example, the adjustment model can potentially distinguish over 16 million different demographic subgroups for each of four different performance 3 measures. 3 It may be impossible, or not worthwhile, for a training agency to attempt to factor into its enrolment strategy so many 'shadow prices'.
The paper proceeds as follows. Section 2 describes how performance adjustment was implemented in JTPA, defines the concept of performance adjustment weight (PAW), and reviews the literature on performance adjustment in non-job training areas of the public and non-profit sectors. Most importantly for our empirical study, we argue that the changes in PAW over time in JTPA are exogenous to the training agency's enrolment decision. Section 3 discusses how award maximizing case workers should respond to changes in PAW and derives predictions on changes in enrollee population and performance outcomes. We test these predictions using micro-level data on case workers' enrolment choices and performance outcomes in JTPA, leveraging three exogenous changes in the PAW. We estimate the impact of these changes in PAW following a difference-in-difference approach (time and demographic subgroups) at the agency level.
Our empirical analysis establishes two sets of results. First, we find that changes in the incentive for enrolling members of a subgroup significantly change the fraction of enrollees from the subgroup. Second, we demonstrate the existence of within-subgroup heterogeneity. Case workers increase the number of enrollees from a specific subgroup by enrolling at the margin applicants that perform worse on the measure. This finding is consistent with the cream-skimming hypothesis that case workers use their private information about the eligible population which they use to select enrollees that perform well on the performance measures. In contrast with the literature, which focuses on the 3 24 different adjustment factors have been used during our sample period (see Table 1 , and the later discussion). Each adjustment factor takes binary values implying 2 24 different subgroups.
4 impact of incentives on overall enrolment at the training agency level (differences across subgroups), we demonstrate that private information carries through even within the demographic subgroups defined by PAW.
Literature
Our results are of interest to policy makers and academics for three main reasons.
First, our evidence sheds new light on the literature on cream-skimming. Interestingly, the evidence on cream-skimming is mixed (Heckman et al. 1996, Cragg 1997) and one might be tempted to conclude that enrolment decisions are not influenced by incentives.
But most previous JTPA studies have focused on the enrolment incentives due to performance measurement without factoring in the role of the adjustment weights in the performance standard. They test variants of the following hypothesis: Does rewarding (or sanctioning) a training agency based on the fraction of its clients who obtain employment, dissuade it from serving high school dropouts and other persons with poor labor market prospects? But the JTPA adjustment model forces the training agency to consider how a person's attributes not only affects the performance outcome but also the standard: the agency knows that enrolling a high school dropout lowers its employment outcome but it also lowers its standard. Thus, the absence of strong evidence of creamskimming may be because the performance standard adjustment procedure was doing its job-that is, reducing the incentive to cream-skim-and not because JTPA case workers did not respond to incentives. Our study tells a more complex picture where both effects are at play: local agencies respond to enrolment incentives but cream-skimming still takes place due to unobservable characteristics within demographic subgroups.
Second, the issue of allocation of public services receives much attention in the policy literature (Heckman and Smith 2004 ). This debate is fueled by a general concern over equity and also because policy makers often have specific target populations that they would like served. For example, JTPA itself introduced several constraints on the allocation of JTPA entitlements across socio-economic subgroups (Dickenson et al.
1988
). The U.S. Department of Labor (DOL), which administered JTPA, defined the concept of eligible population to restrict the pool of people who could be served. In addition, budget compartmentalization capped the resources that could be used on adults and established a minimum expenditure for youth enrollees. The DOL was also desirous that the 'hard-to-serve' and 'most-in-need' not be neglected and supported the states that introduced incentives to target resources toward these sub-populations (Barnow 1992,
Courty and Marschke 2003)
. Like quotas and budget compartmentalization, PAW are objective and transparent, but in contrast to these schemes they leave some discretion to local decision makers to exploit potential trade-offs between sub-populations. A drawback is that they may convey very complex incentives, and also, perhaps, grant too much discretion over unobserved heterogeneity within subgroups. Our work can help policy makers understand whether PAW can help achieve equity objectives and/or correct distortions due to performance incentives, or whether other methods are needed. Our evidence circumvents this challenge by using a natural experiment that permits one to identify the relation between PAW and enrolment choice. We show that bureaucrats respond to sophisticated contracts that involve a large number of implicit prices and require the ability to compute complex trade-offs between alternative enrolment strategies. Although there may exist bureaucratic preferences over the choice of allocations of public resources as suggested by Heckman et al. (1996) , our findings show that it is possible to influence bureaucratic preferences over intake choice. 5 GPRA requires federal agencies to formulate measures of performance and set performance goals to improve public accountability and permit scrutiny by congressional oversight committees and the public. 6 Heckman et al. find that JTPA case workers were more likely to enroll the applicants with the lowest prospects for employment after training. Heckman et al. call this behavior "cream avoidance" which they attribute to a "social worker mentality" in training agency staff.
2-Performance Adjustment Weights: Background and Case Study
Much of the literature on PAW has focused on their use as a means to complement and fine tune performance incentive systems. 7 The idea is that PAW can help to correct enrolment distortions due to the introduction of outcome based performance incentives.
Performance incentives stimulate agency efforts to produce value added, but they may also distort the characteristics of the population the agency selects. This problem has emerged with incentive schemes in education that measure school performance using and the bureaucratic responses they induce (e.g. Heckman and Heinrich, forthcoming).
To reduce unnecessary repetition, we present here only those features of the organization that are essential to our analysis of PAW, and direct the reader to more comprehensive sources when required.
The JTPA program was highly decentralized: the 620 plus training agencies administered the program with significant discretion over whom to enroll. While applicants had to meet an income test to be eligible, JTPA was not an entitlement. Given the JTPA annual budget (approximately $4.1 billion in 1993), and the large population that was eligible for training, agencies could serve only one to three percent of the eligibles (550,000 new participants were enrolled in 1993). 8 The decision of which eligibles to enroll constitutes the focus of this paper.
The Act called for financially-backed performance incentives that would measure and reward training agency's success in developing participants' human capital, the primary were employed 13 weeks after termination. The average weekly earnings (WE) was calculated as the average weekly earnings during the ninety days following termination for those enrollees who were employed 13 weeks after termination. From the ER outcome, two performance measures were constructed: one ER measure was based on the performance of all adult enrollees and another was based on the performance of only the welfare-receiving subset of adult enrollees. Similarly, separate adult and adult welfare performance measures were constructed based on WE. Each measure had associated to it a separate standard. The DOL set lower standards for the welfare versions of the measures. Meeting these standards was a condition for receiving an award and in many states most of the award a training agency was eligible for was paid out for simply meeting the standard. Thus, the structure of the incentives under JTPA meant that a training agency interested in avoiding sanctions and maximizing its award, should focus on meeting its standards.
For each of the four standards, the DOL developed an adjustment model to establish a training agency-specific standard that accounted for the particular agency's enrollee choices (demographic characteristics of the enrollee pool) and local labor market circumstances (socio-economic conditions outside the control of the agency). For example, it was determined that training agencies that enrolled few high school dropouts should be handicapped relative to those that enrolled more, and that training agencies
should not be penalized for operating in particularly adverse labor markets. In this study, we focus exclusively on the set of factors in the DOL adjustment models that are based on the demographic characteristics of the enrollee population, as only these factors can influence enrolment decisions.
PAW in JTPA
To illustrate how the adjustment methodology works, assume two demographic factors, gender (female, male) and race (black, non-black). The training agency is rewarded on the basis of excess performance, that is, performance above the performance standard. The 
where M 0 is the adjusted performance standard. The higher the standard, the greater is the difficulty obtaining an award. We define an adjustment factor as a socio-economic variable (e.g. x f ) that is used to correct the standard and an adjustment weight as the numerical value that is imputed to correct the standard (e.g. β f ). For example, if β f is positive, then the agency is more likely to receive an award, ceteris paribus, if it enrolls more females.
The DOL chose different sets of factors for each performance measure based upon their availability, their statistical relation with the performance measure, and political considerations. The first line in Table 1 presents the baseline level (m 0 ), the first column in the bottom panel presents the set of adjustment factors (x) for the adult ER and WE standards, and the core of the table reports the value of the adjustment weights (β)
corresponding to these factors. 9 The columns report the weights for different program year cycles. The adjustment weights remain in force for two consecutive program years before they are updated. Thus for example in program years 1992 and 1993, the adjustment weights for the ER standard for females was .072; in program years 1994 and 1995 it was .056; and so on. They are constructed before the beginning of a new two year cycle, using information on demographic characteristics and outcomes observed in the previous cycle, as the coefficient estimates from a regression of performance outcomes on demographic and labor market characteristics.
10 Table 1 shows that the enrolment incentives embedded in the DOL adjustment model can significantly impact the performance standard and therefore the agency's likelihood to receive an award. For example, an agency in either 1992 or 1993 enrolling only applicants that embodied all of the characteristics associated with positive weights 9 We obtained the adjustment weights from Guide to JTPA Performance Standards for Program Years 1992 Years -1993 Years , 1994 Years -1995 Years , 1996 Years -1997 Years , and 1998 Years -1999 show the same degree of variation.
The likely impact of PAW on enrolment is difficult to assess on theoretical grounds alone. On the one hand, the magnitude of the changes in the weights implies that the enrollee intake composition may have a significant impact on the standard. Meeting the standard was an issue in practice and could have financial consequences. 11 In fact, over the period 1993-1998, on average about 23% of training agencies failed to meet the employment rate standard, 6% failed to meet the earnings standard, and 6% failed to meet to meet both standards. 12 On the other hand, the number of demographic subgroups, and thus the number of implied shadow prices, increases exponentially with the number of factors. For example, there were 10 factors active in 1993 for the employment at termination measure (Table 1) which required the agency to distinguish among 1024
subgroups. In addition, the PAW varied across performance measures. As a result, PAW introduced very complex trade-offs and may have had little consequence in practice. In the end, whether PAW influenced intake choices is an empirical issue. Table 1 shows that there are significant changes in the adjustment weights over time.
For example, to meet its employment standard in program years 1992 or 1993, an agency that enrolled no 'high-school dropouts' would have to achieve an employment rate 18.4 percent higher than an agency that enrolled only 'high-school dropouts' (assuming that all other characteristics are equal across the agencies). In program year 1998 or 1999, however, the difference drops to 6.6 percent, an order of magnitude of about three. In addition, some adjustment factors eventually disappear from the adjustment worksheets and new factors are introduced.
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To write a micro model of enrolment and for the empirical work as well, it is more convenient to work with demographic subgroups instead of demographic characteristics.
There is a simple correspondence between subgroups and characteristics. In our example, the two factors determine four demographic subgroups (black female, black male, and so on). where ω bf =β b +β f , captures the decrease in standard due to increasing the fraction of black female by one percent, and can be interpreted as the 'shadow price' for that demographic subgroup. The other coefficients are similarly derived, ω bm =β b , ω nf =β f , ω nm =0. In the rest of this paper, we also call the ω adjustment weights, keeping in mind the distinction between the β in (1) and ω in (2).
3-Theoretical Predictions
We present in the appendix a microeconomic model of the training agency choice of enrollee population. We derive predictions on how the agency should respond to changes in the adjustment weights: how enrolment decisions and performance outcomes should change for different demographic subgroups. This section discusses the intuition behind the model and summarizes its predictions.
To simplify, we assume there is a single performance measure and I distinct demographic subgroups. The cost of training is assumed subgroup-specific and increasing and convex in the number of enrollees. Similarly, average performance decreases with the number of enrollees from a specific subgroup. These assumptions are consistent with the following interpretation. Applicants differ within a subgroup. Some applicants are easier to train and are more likely to achieve successful outcomes than others. It is optimal for the training agency to select first the most promising applicants. If the training agency hires more applicants of a given subgroup it will hire those who cost more to serve (cost is increasing) and who are less likely to perform well (performance increases at a decreasing rate). These assumptions are reasonable if there is some heterogeneity within demographic subgroups that is observed by the agency. Cream-skimming becomes possible because the agency enrolls those applicants, within a demographic subgroup, who are likely to perform well on the measure, irrespectively of how well they perform on the true objective of job training.
The training agency allocates its budget across the demographic subgroups to maximize its award and may also have its own preferences over enrolment choices. We first show that under general assumptions about the cost and performance outcome functions, the training agency responds to an increase in the adjustment weight of demographic subgroup i by enrolling more applicants of subgroup i and fewer applicants of subgroup k≠i. The proposition holds independently of the training agency's own preferences over enrollee choices. We then consider the impact of a change in the adjustment weight on the average subgroup performance outcome. As the adjustment weight of subgroup i increases, the number of enrollees of subgroup i increases and the average performance outcome of subgroup i decreases. The reason is simply that to increase its enrolment of applicants of type i, the training agency has to enroll less attractive applicants. Marginal enrollees achieve lower performance outcomes than average ones. 
4-Data and Empirical Strategy
The variables we wish to explain with our analysis, measured at the level of demographic subgroup-agency-year, are the enrolment shares and the performance outcomes.
To Recall that using all 24 factors would generate more than 16 millions subgroups. Since the JTPA enrollee population is much smaller (for the enrolment analysis, for example, we have information on 682,515 terminees over the 6 program years), we eliminate all the subgroups for which we have no or few enrollees. In the end, we select 13 factors and construct 1,670 different subgroups for which we have information over all 6 years in at least one agency. This yields an average of 291 subgroups per agency-year. Table 3 presents descriptive statistics for our main variables (PAW, enrolment shares, and performance outcomes). Table 1 and 2 demonstrate that there is much variation across years in our explanatory variables. Table 4 shows that there is also much variation from year to year in the enrolment size of the demographic subgroups identified by the DOL adjustment factors. We investigate whether this variation in enrolment can be explained by the changes in adjustment weights as predicted by (H1).
Multi-dimensionality
Each of the four standards had its own adjustment weights that could potentially influence the enrollee intake choice (H1) and also the performance outcomes (H2). Under JTPA, states were responsible for designing the incentive contracts using the four measures proposed by the DOL. Although these contracts vary greatly from state to state (different emphasis on the different measures and different choice of the award function), we can leverage three patterns that are common to all contracts to cope with the multi-dimensional nature of the incentive system. To start, the employment measure received a disproportionate emphasis in determining the award (Courty and Marschke, 2003). Moreover, awards were largely allocated for meeting standards and training agencies were more likely to fail the employment standards. Third, the PAW for the two welfare measure standards apply only to welfare subgroups and therefore should not influence the choice of non-welfare enrollees.
Given these considerations, we proceed as follows. We initially test H1 and H2 using the adjustment weights on the adult ER performance measure. In focusing on the employment measure, this approach follows the policy evaluation literature (e.g., Anderson et al.1993) and is justified by the first two characteristics of the incentive contracts mentioned above. Later, we introduce the adjustment weights on the WE standard. Since we do not have information on the contracts, we employ a general specification for how ER and WE could influence enrolment and outcomes that allows for interaction effects. This first set of analyses is valid under the assumption that the change in weights that apply to the welfare measures are independent from the change in weights that apply to the two measures we consider. As a robustness check, we reproduce the previous analyses without the welfare subgroups. The third characteristic of the incentive system implies that H1 and H2 hold for this subset of the sample even if the above assumption does not hold.
Exogeneity of the changes in the PAW
The PAW were changed three times in our sample period (see Table 1 ). In the empirical analysis, we assume that these changes are exogenous to contemporaneous enrolment decisions. Several arguments support this assumption. Recall that the PAW were computed as coefficient estimates of a regression of performance outcomes on demographic factors using performance data (from all training agencies) in the previous two year cycle. The DOL regression model used to compute the PAW was unstable and this was due to multi-colinearity between factors. Consistent with this view, Table 1 shows that the choice of demographic factors varied greatly over time (only 9 out of 24 demographic factors were used throughout our period). This choice was partially driven by the concern to keep the PAW positive (since all the selected factors represented priority target subpopulations) and by current political considerations. The change in the PAW are exogenous if they are mainly driven by the arbitrary choice of the factors included and the sample realization of the two year cohort used to compute the regression coefficients.
But changes in the PAW could also be driven by changes in labor market conditions and/or changes in enrolment strategies. We argue that this is not an important issue for our empirical exercise, and if anything, it can only create an under-estimation of the agency responses. Consider first the later point. The concern is endogeneity of the PAW through strategic inter-temporal enrolment behavior. The behavior of all agencies as a group influences changes in the weights, because the DOL used the information collected on past enrolment choices and outcomes to update the weights, but an individual agency can be assumed to maximize the current period award myopically since the impact of its enrolment decisions on future weights is negligible. Consider next changes in labor market conditions. To start, assume that these changes are conditionally uncorrelated (e.g. random walk or permanent changes). Such changes would influence the PAW (through the regression model) but this would not introduce an endogeneity problem since the change in next period labor market conditions is uncorrelated with the current change in PAW. The only concern are trends in labor market conditions. Such trends could bias the inference against our hypothesis. Assume for example that the labor market potential of a subgroup starts to degrade. This increases that subgroup's PAW but the increase undercompensates for the continuing degradation in the subgroup's potential so we would under-estimate the enrolment response relative to the response that would take place with 20 a truly exogenous change in PAW.
Empirical strategy
Denote s iat as the share of enrollees of demographic subgroup i in agency a in year t and w it the adjustment weight, common to all agencies, for subgroup i and year t. 16 H1
implies an increasing relation between changes in relative weights and changes in relative shares of subgroups. We test this relation using the three changes in adjustment weights that took place in our sample period (the weights changed at the end of 1993, 1995, and 1997).
We propose different specifications to test H1 that are variations around the following approach. Assuming that the increasing relation implied by H1 is linear and does not vary across subgroups, agencies, or years gives
where the parameter of interest γ is positive. Instead of comparing pairs of demographic subgroup-years, which does not naturally fit a regression framework, we aggregate this hypothesis to obtain a relation that can be estimated using a fixed-effect regression framework. 17 Formally, H1' is averaged over subgroups k and years t' to obtain s iat = -(s a -γw a )+(s ai -γw ai )+(s at -γw at )+γw it for all i,a,t where s a denotes the average share in agency a across all years and subgroups, s ai the average i share in agency a across all years and similarly for s at and the w averages. We can rewrite and year t. 17 Alternatively we could choose a subgroup to serve as the reference subgroup against which we compare all other subgroups but the choice of the reference subgroup is arbitrary.
this relation as a difference in difference (time and subgroup) equation at the agency level s iat = α a +α ai +α at +γw it for all i,a,t.
The observed shares could vary randomly because they are measured with error (which is the case in our application since only a representative sample of 62 percent of total population is included in our dataset). 18 We obtain the following empirical model s iat = α+α ai +α at +γw it +ε ait (3) where α is a constant, α ai is a subgroup-agency fixed effect and α at is an agency-time fixed effect. We assume ε iat is normal, mean zero, and distributed independently across training agencies.
The theory makes no prediction on (α,α ai ,α at ) but predicts that γ should be positive.
Specification (3) tests an averaged version of H1. We interpret γ as the average effect over all training agencies, all year changes, and subgroups. We cluster the errors at the training agency level to permit arbitrary forms of autocorrelation and heteroscedasticity within training agency panels.
To test H2, we follow a similar procedure. We estimate the performance of each subgroup holding constant agency-subgroup and agency-time fixed effects m iat = θ+θ ai +θ at +θw it + ijt υ for all i,a,t
where as before θ ai and θ at allows for agency-subgroup and agency-time fixed effects. The parameter of interest is θ, which our model predicts is negative. As with (3), we assume ijt υ is normal, mean zero, and distributed independently across training agencies and we cluster the errors at the training agency level.
In all specifications reported to test H1 and H2, we weight each subgroup-agency-year observation by the subgroup-agency share of the entire terminee population. 19 We have also considered two variant specifications and the results were not affected (not reported): one with equal weights and another with weights proportional to the subgroup's share relative to its agency population. In addition, we have considered specifications where, constructing the subgroups, we exclude those enrollees who are terminated in the first four months of each two year cycle. Our reasoning is that enrollees entering a new two year cycle may have been enrolled to optimize the previous cycle's weights (see footnote 16). Table 5 reports the results from our estimation of the enrolment decision model, equation (3). In all specifications the dependent variable is the subgroup's termination share.
5-Results
5-1 Tests of H1 and H2 for the ER Adjustment Weights
The right-hand side of the regression includes the subgroup's weight for the employment standard (ER) in addition to the α ai and α at .
Model 1 produces a positive and statistically significant estimate of the ER weight coefficient, a finding that is consistent with H1. To give the reader an idea of the magnitude of the impact of the weight change on enrollee choice, we include the standardized coefficients. Literally interpreted, our result says that a one standard deviation in a 19 That is, we weight each observation by ∑∑∑ ∑
where n iat is the number of enrollees in subgroup i in agency a in year t. 20 We chose four months, because the average enrolment duration is between four and five months long. Five months into the new cycle, we reason, enrollees will be terminating in the cycle in which they were intended to be terminated.
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subgroup's performance weight relative to the average ER weight increases the subgroup's enrolment share by about .1 percent relative to the average agency subgroup. This response, however, is measured at the subgroup level which is the correct unit of analysis to understand agency behavior, but is of limited relevance from an economic or policy point of view. To assess the economic significance of this response, consider the following thought experiment.
Assume a coefficient on a demographic characteristic, e.g. female, is increased by a standard deviation relative to the average coefficient. The enrolment share of all female subgroups will increase by about .1 percent relative to the average subgroup. Since there are on average 291 subgroups per agency in our sample (see Appendix 2), the overall increase in the share of females will be 14.7 percent (0.00101*291/2, because half of the subgroups are female on average). The female PAW alone can have a large impact on the composition of the enrollee population. But there are approximately a dozen demographic characteristics in play in the analysis suggesting that changes in PAW do have a significant influence on enrolment.
Model 3 includes both the subgroup's ER and WE adjustment weights. The coefficient estimate on the employment weight (in raw and standardized form) changes little from column 1. This finding supports our assumption that there is little interaction between the different measures of the incentive system. Table 6 , column 1, reports the results of the employment outcome estimation (equation 4). We find a statistically significant and negative coefficient estimate on the employment weight, as predicted under H2. The magnitude of the estimate suggests that a one standard deviation increase in a subgroup's ER weight relative to the average ER weight decreases the subgroup's relative employment rate by about 2 points. This result remains when we add the earnings weight as an explanatory variable. To assess the economic implication of this result, 24 consider the thought experiment discussed above. Increasing the female weight by one standard deviation decreases the performance of females relative to the average subgroup performance by 2 points. This figure seems reasonable to us considering that this change in weight is associated with a 14.7 percent increase in the relative share of females. The quality of the marginal enrollee within a subgroup decreases as more enrollees are drawn from this subgroup, which is consistent with the hypothesis that agencies cream-skim the best enrollees within each subgroup. Still, this figure is small relative to the variation in performance across demographic subgroups. Table 3 shows that the standard deviation in the employment outcome across all subgroups and years is 43 points. 21 Therefore the potential to cream-skim across subgroups (which can be curbed with the PAW) is of an order of magnitude greater than within subgroups (which is unaffected by the PAW). The PAW can eliminate the incentive to cream-skim across-subgroups leaving a residual incentive to cream-skim within subgroup which is second order.
5-2 Additional Measures and Robustness
The previous analysis is valid under the assumption that the ER has received the most emphasis in the incentive scheme, as has been argued in the literature, and consistent with the observation that the failure rate is much larger for the ER measure, or under the alternative assumption that the variation in the different enrolment incentives associated with each set of weights are orthogonal to one another. Still, multi-dimensional incentives may matter. We address this issue in two ways. First, we test H1 and H2 for the adjustment weights on the WE measure but the results are inconclusive. Second, we consider the impact of the weights on both the ER and WE measures on the sub sample of non-welfare recipients and the logic is that the weights on the other two measures (the welfare ones) should not influence the enrolment incentives among the non-welfare sub populations. The results on the WE weights obtained from this sub-sample are consistent with H1 and H2 and we propose a possible interpretation that reconciles these two new sets of results. Table 5 , columns 2 and 3, show the impact of the WE adjustment weights on the enrolment decision. Both columns show no impact which goes against H1. Table 7 reports the results of the earnings outcome specification (model (4) applied to WE). Whether we estimate the model with just the earnings weight or both the earnings and employment weights, the estimated coefficient on the earnings weight is statistically insignificant against H2. 22 These two results could be because the WE measure plays a lesser role in the incentive system or because the agencies have less discretion to select enrollees who are likely to perform well on the WE measure.
Adjustment Weights on the Earnings Performance Measure (WE)
Interestingly, the coefficient estimate corresponding to the employment weight in table 7, column 2, is positive and significant (p value 0.001). While there are many potential explanations for this finding, it is consistent with the existence of a trade-off under multi- 22 The number of observations used in this analysis is smaller than in the employment analysis because, consistent with the JTPA definition of the earnings measure, we use only the enrollees who are employed (by the employment measure definition) in the calculation of the earnings outcome.
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dimensional incentives: the kinds of enrollees within a subgroup that produce higher employment outcomes, reduce earning outcomes.
Non-Welfare Recipients
The training agency's decision to enroll adult non-welfare recipients is less complicated than the decision to enroll welfare ones because non-welfare recipients' characteristics enter into the determination of only the two standards that have been the focus of this analysis. If the welfare measures play an important role, we should obtain a cleaner test of H1 and H2
when we limit the analysis to the non-welfare adults. Therefore, Table 8 shows the results of the previous analyses excluding the welfare recipients.
Two points should be made. First, the power of the significance tests is smaller after we exclude welfare recipients, which constitute about 40 percent of the adult population. This is partly responsible for why we observe that the coefficient estimates on the employment weight in the enrolment share (model 1) and outcome regressions (models 2 and 3) are insignificant. Second, the impact of the earnings weight in the regressions is greater when we exclude welfare recipients. In the enrolment share regression, though the coefficient estimate on earnings weight remains insignificant (by conventional significance standards) it is positive (as predicted under H1). The coefficient estimate on earnings weight in the earnings outcome regression (model 3) is now both negative and significant as predicted under H2.
The standardized coefficient corresponding to this estimate is about -6 suggesting that a one standard deviation increase in the WE weight relative to the average WE weight reduces the relative subgroup earnings per week by about $6.
Taken together, these two new sets of results suggest that although H2 does not hold for the entire sample, it does hold for the subset of non-welfare recipients. This may be because agencies have much more discretion to select applicants who are likely to perform well on the earnings measure, when they have to choose among non-welfare recipients, than they do for welfare recipients, who have on average lower levels of human capital. Also the earnings measure is calculated only off employed terminees. Because welfare recipients are less likely to be employed their prospective earnings might not be of such concern in the enrolment decision.
5-Summary and Conclusions
The recent introduction of performance incentives in several branches of the public service sector, such as in job training, education, and health, has raised concerns as to their impact on enrolment decisions. In particular, rewarding public agencies based on measurable outcomes such as employment outcomes, test scores, or health outcomes may lead to student-tracking in education or the neglect of the hard-to-serve in job training and of the chronically ill in health care. To retain control over the recipient population, some policy-makers have proposed adjusting the measures that are used to assess performance, effectively setting different 'shadow prices' for different subgroups of clients, but little evidence exists about the effectiveness of these methods in practice.
In the context of a large government job training program, we investigate the influence of enrolment incentives on case workers' choice of intake population. Job training agencies in this program are rewarded for improving the labor market performance of the clients they serve but the reward function also depends on the enrolment choice. The main objective of the enrolment incentives is to level the playing 28 field, so that a training agency enrolling less able applicants has to meet a lower level of performance, effectively setting a system of shadow prices that correct for the challenge that each demographic subgroup presents.
Our empirical analysis establishes two sets of results. First, we measure the impact of changes in the relative shadow prices on changes in the relative fraction of different demographic subgroups. We find that changes in the incentive for enrolling members of a subgroup significantly change the fraction of enrollees from this subgroup. This is good news for those who wish to use PAW in job training and in other public services to attenuate the negative distributional consequences of performance-based incentive systems. One should keep in mind that the effectiveness of PAW elsewhere, however, will depend on the nature of the heterogeneity among participants and in the ability of the designer to identify dimensions over which cream-skimming takes place.
Second, we demonstrate the existence of within-subgroup heterogeneity. Case workers increase the number of enrollees from a specific subgroup by enrolling at the margin applicants that perform worse on the measure. That is, case-workers appear to be cream-skimming: they use their private information about applicant heterogeneity within subgroups. In contrast with the literature, which focuses on the impact of incentives on enrolment at the training agency level, we demonstrate that private information carries through even within the demographic subgroups defined by PAW. We show, however, that the potential for cream-skimming within subgroups is second order relative to across subgroup cream-skimming.
In this paper, we took the DOL methodology as given and investigated whether training agencies respond to exogenous changes in the enrolment incentives. An 29 important issue that we did not address is to evaluate the choice of the DOL's methods for determining the PAW. Did the DOL methodology achieve a reduction in cream-skimming or some other objective (e.g. channeling resources toward the subgroups with the highest earning impact)? We leave for future research the issue of determining how to set the PAW to achieve a given objective and to evaluate the impact of the PAW set by the DOL on cream-skimming. (1 ) We compute for each agency the adjustment to the baseline level Σ i β i x i using the agency's actual enrollee population. The summary statistics reported here are based on the distribution of Σ i β i x i across agencies. 
